Malignant transformation can result in melanoma cells that resemble different stages of their embryonic development. Our gene expression analysis of human melanoma cell lines and patient tumors revealed that melanoma follows a two-dimensional differentiation trajectory that can be subclassified into four progressive subtypes. This differentiation model is associated with subtype-specific sensitivity to iron-dependent oxidative stress and cell death known as ferroptosis. Receptor tyrosine kinase-mediated resistance to mitogen-activated protein kinase targeted therapies and activation of the inflammatory signaling associated with immune therapy involves transitions along this differentiation trajectory, which lead to increased sensitivity to ferroptosis. Therefore, ferroptosis-inducing drugs present an orthogonal therapeutic approach to target the differentiation plasticity of melanoma cells to increase the efficacy of targeted and immune therapies.
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In Brief Tsoi et al. show that melanoma can be categorized into four subtypes following a differentiation trajectory with subtypespecific sensitivity to ferroptosis induction, which presents a therapeutic approach to target the differentiation plasticity to increase the efficacy of targeted and immune therapies.
INTRODUCTION
Melanoma is a highly aggressive type of skin cancer that arises from melanocytes, the pigment-producing cells of the body. The discovery that approximately half of all melanomas are driven by BRAF V600 mutations as well as advances in tumor immunology have translated to targeted and immune therapies with impressive response rates and significantly improved survival (Luke et al., 2017) . However, for these treatment modalities there remain patients who do not respond or who ultimately relapse. Dedifferentiation is a hallmark of cancer progression, and in highly plastic melanoma cells it is a source of cross-resistance to both targeted and immune therapies. This differentiation plasticity can be attributed to the embryonic history of melanocytes, which are derived from the neural crest, a transient, migratory, and multi-potent population of cells that can differentiate into diverse cell types (Sauka-Spengler and Bronner-Fraser, 2008) . During acquired resistance to BRAF inhibition (BRAFi), melanoma cells can downregulate MITF, the master regulator of melanocyte differentiation, and upregulate receptor tyrosine kinases (RTKs) such as AXL, EGFR, and PDGFRb M€ uller et al., 2014) . Low levels of MITF and high levels of AXL are also predictive of intrinsic resistance to mitogen-activated protein kinase (MAPK) pathway inhibition (MAPKi) (Konieczkowski et al., 2014) and have been observed in patient tumors during disease progression on MAPKi therapy (Hugo et al., 2015; M€ uller et al., 2014; Tirosh et al., 2016) . Melanoma cells also dedifferentiate in response to pro-inflammatory signaling, as has been demonstrated in mouse models, which in turn can promote immunotherapy resistance (Landsberg et al., 2012) . CD8 + T cells isolated from patient tumors were found to frequently recognize melanocyte lineage antigens (Kawakami et al., 2000) . Thus, dedifferentiation provides a mechanism to escape immune recognition. In addition, inflammatory MITF-low melanomas were shown to have greater recruitment of myeloid cells (Riesenberg et al., 2015) , which could support tumor growth or immune suppression (Hugo et al., 2015; Soudja et al., 2010) .
While dedifferentiation could promote resistance to current therapies, we reasoned it might also render cells more susceptible to new vulnerabilities. Cell line pharmacogenomics databases combining genomic information with pharmacological response profiles have helped uncover associations between drug mechanisms of action and molecular subtypes (Seashore-Ludlow et al., 2015; Iorio et al., 2016) . Therefore, our goals were to refine our understanding of melanoma differentiation states and use this framework to identify drug vulnerabilities via pharmacogenomics analysis that can be harnessed to overcome the dedifferentiation-based resistance escape route.
RESULTS

Melanoma Subtypes Reflect Four Progressive Differentiation States
We performed consensus hierarchal clustering (Monti et al., 2003) of expression profiles from a panel of 53 human melanoma cell lines, including paired acquired resistance sublines, established from patient biopsies. The results reveal that cell lines fall robustly into four clusters numbered C1-C4 with no appreciable gain in cluster stability when increasing to higher numbers of clusters ( Figure 1A and Table S1 ). We found each cluster to be significantly different from one another using SigClust (Liu et al., 2008) (Figure 1B ). In addition, all of the clusters arranged into distinct groups by principal component analysis (PCA) ( Figure 1C ).
We next investigated how our four melanoma clusters were related by differentiation. We performed a comparative analysis with a human in vitro model of melanocyte differentiation (Mica et al., 2013) where human embryonic stem cells (ESCs) were induced to differentiate sequentially to neural crest, melanoblast, and melanocyte stages. PCA of these differentiation stage gene expression profiles, which included primary melanocytes as a reference, showed that each stage segregated progressively along a two-dimensional arc-like trajectory with differentiation. Projection of the melanoma cell lines onto the same melanocyte differentiation stage-defined PCA space similarly separated out the four identified melanoma clusters, indicating a progressive four-stage differentiation relationship ( Figure 1D ).
We performed enrichment analysis of each cluster compared with the remaining three and again observed a progressive pattern of differentiation-related enrichment of Gene Ontology (GO) biological process terms ( Figure 1E and Table S2 ). C1 was defined as the undifferentiated subtype due to enrichment for invasive phenotype gene sets such as those involving cell adhesion and migration, in addition to inflammation-related gene sets as observed previously in dedifferentiated MITF-low melanoma cells (Hoek et al., 2006; Konieczkowski et al., 2014) . C2 shared enrichment for invasive/inflammation-related gene sets but was defined as the neural crest-like subtype due to its unique enrichment for neural crest-related gene sets. C3 was defined as the transitory subtype, due to concurrent enrichment of neural crest and pigmentation-associated gene sets suggesting a transitional or mixed neural crest to melanocytic state. Finally, C4 is the most differentiated and was defined as the melanocytic subtype, due to loss of a neural crest signature and a strong enrichment for pigmentation-associated gene sets.
We next explored the expression patterns of transcription factors and RTK genes across the identified melanoma subtypes ( Figure 1F ). As expected, the undifferentiated and neural crestlike subtypes both had low levels of MITF and high levels of AXL. In addition, SMAD3 was elevated in these two subtypes, suggesting a role for TGFb signaling with the invasive phenotype as described (Hoek et al., 2006; Rodeck et al., 1999) . These two subtypes do have some notable differences. In the undifferentiated subtype, we observed significantly lower levels of ERBB3, neural crest marker NGFR, and transcription factor SOX10. As SOX10 encodes a critical neural crest lineage-specifying transcription factor essential for melanocyte development (SaukaSpengler and Bronner-Fraser, 2008) , its absence is supportive of an even less differentiated state. Genes upregulated in the undifferentiated subtype include SOX9 and EGFR, the expression of both of which have been shown to be promoted by SOX10 loss (Shakhova et al., 2012; Sun et al., 2014) . This framework highlights that while neural crest markers are associated with dedifferentiated melanomas (Landsberg et al., 2012) , there is a subset of even further dedifferentiated melanomas lacking neural crest markers (e.g., NGFRÀ), and displaying differential HMG box marker expression (SOX10À, SOX9+) ( Figures 1E and 1F) .
The transitory and melanocytic subtypes are more differentiated with higher expression of MITF and lower expression of (F) Boxplots of select transcription factors and RTK genes. Boxplot lines reflect lower quartile, median, and upper quartile. Whiskers reflect 1.5 times above or below the interquartile range, with points outside reflecting outliers. (U, undifferentiated; N, neural crest-like; T, transitory; M, melanocytic. Number in each group: U = 10, N = 42, T = 12, M = 17. Kruskal-Wallis ANOVA and Dunn's post hoc two-tailed test: *p % 0.05; **p % 0.01; ***p % 0.001). FPKM, fragments per kilobase of exon per million fragments mapped. (G) Analysis of melanocytic (versus transitory) subtype shows enrichment of MITF targets. See also Tables S1 and S2 . FDR, false discovery rate; NES, normalized enrichment score.
AXL. Wnt/beta-catenin signaling has been implicated in enhancing MITF target gene expression, and an increased expression of beta-catenin (CTNNB1) is observed across these two subtypes in support of a more mature melanocyte signature (Schepsky et al., 2006) . To evaluate the differential MITF activity between these two subtypes, we performed enrichment analysis using previously described MITF target genes to infer activity (Hoek et al., 2008) . The melanocytic subtype showed stronger enrichment of these MITF target genes ( Figure 1G ), supportive of greater differentiation.
We next investigated the relationship between our subtypes and the widely appreciated two class ''proliferative'' and ''invasive'' phenotypes (Hoek et al., 2006) . In the classification by Hoek et al. (2006) , there were initially three cohorts (A, B, and C) observed by hierarchical clustering. The strongest transcriptional signatures were found in cohort A and cohort C, which defined the proliferative and invasive phenotypes respectively. We applied the SubMap subtype comparison tool (Hoshida et al., 2007) between the two datasets and found our identified clusters (C1-C4) show informative mapping relationships for all cohorts identified by Hoek et al. (2006) , with C4 mapped to cohort A, C3 to both cohorts A and B, and C2-C1 to cohort C ( Figure S1A ). Thus, our subtypes are congruent with the Hoek classification, refining each of the proliferative and invasive classifications into two further subgroups, and providing a 4-stage stepwise differentiation context based on normal melanocyte differentiation programs. This refinement involves the emergence of a second transient transcriptional program that first turns on (increase in PC2 genes) and then off during melanoma (and melanocyte) differentiation transitions (Figures 1C and 1E) and is thus reminiscent of other transient developmental transcriptional programs (Spitz and Furlong, 2012; Telley et al., 2016) .
Four-Stage Differentiation Model Reflects TreatmentInduced Stepwise Dedifferentiation
Since melanoma cells are highly plastic and can dedifferentiate in response to MAPKi and pro-inflammatory signaling from immunotherapy, we sought to relate these treatment-induced differentiation transitions to our subtypes. We first defined specific transcriptional signatures that distinguish each subtype by differential expression (Table S3) . In addition, we tested the extent of shared differentially expressed genes between ''adjacent'' subtypes compared with other subtype pairings. Consistent with our interpretation of the subtypes as four progressive differentiation states, the only pairings that generated an appreciable signature were between sequential clusters in the two-dimensional arc-like trajectory model ( Figures S1B and S1C ).
We applied these signatures to investigate RTK-upregulated, dedifferentiation-associated acquired resistance to MAPK pathway inhibitors (M€ uller et al., 2014) . To quantify the degree of treatment-induced dedifferentiation, we calculated a differentiation trajectory position score for each sample using a ''center of mass'' approach that reflects the relative position along the differentiation trajectory where the sample has the strongest gene expression signature match (STAR Methods). The difference in the score between each sample from its respective control thus represents the magnitude and direction of change in differentiation. In the BRAF mutant cell lines M229P and M238P, we observed that cell lines begin with different initial differentiation stages as defined by their subtype signatures, but shift notably toward the undifferentiated signature upon acquired resistance to vemurafenib (M229R, M238R) ( Figure 2A) . Similar results were observed from analysis of an independent study of RTK-driven single-and double-drug (BRAFi and MEKi)-resistant cell lines ( Figure S1D ). As a negative control, resistance mediated by genomic alterations that directly reactivate the MAPK pathway, such as through NRAS mutation (M249R) or BRAF alternative splicing (M395R, M397R), do not show differentiation changes (Figure 2A ) .
To evaluate the temporal changes that occur with the acquisition of resistance, we performed a vemurafenib treatment timecourse study using the M229 parental cell line, which starts as a transitory subtype but switches to an undifferentiated subtype in M229R. Supportive of our differentiation model, treatment with vemurafenib produced gene expression changes with time that marked progressive dedifferentiation through our subtype signatures toward the undifferentiated subtype (Figures 2B and 2C) . Similar temporal changes toward dedifferentiation were observed in an additional melanoma cell line, M397. This line was tested because reported resistant sublines of M397 (M397R) occurred through BRAF alternative splicing (Poulikakos et al., 2011) , a resistance mechanism that re-activates the MAPK pathway, and have the same differentiation state as their parental line (Figure 2A ). Together, these observations support that dedifferentiation and MAPK-reactivation routes of BRAF resistance are not mutually exclusive. In some cases, dedifferentiation can be a transient response of adaptive resistance (Fallahi-Sichani et al., 2017; Sun et al., 2014; Titz et al., 2016) and provides a reservoir of cells allowing for expansion or evolution of resistant clones with genetic mechanisms that enable return to the parental differentiation state (Ramirez et al., 2016) . In alternate cases, the dedifferentiation state can be stabilized, such as through loss of SOX10 by epigenetic reprogramming (Shaffer et al., 2017) .
Within the heterogeneity of patient tumors, our subtype signatures were able to detect dedifferentiation both during treatment and upon disease progression following double-drug MAPK therapy (Figures S1E and S1F) (Kwong et al., 2015; Tirosh et al., 2016) . In addition, across a large panel of MAPK inhibitor disease progression tumors with diverse and heterogeneous resistance mechanisms (Hugo et al., 2015) , our trajectory position metric distinguishes dedifferentiation-associated resistance mechanisms from those involving MAPK re-activation ( Figure S1G ).
We next applied the subtype signatures to investigate immunotherapy resistance occurring through inflammation-induced dedifferentiation. Such dedifferentiation has been shown to occur in vivo in a mouse model of adoptive cell transfer using transgenic cytotoxic T cells targeting the melanocytic antigen gp100 (Landsberg et al., 2012) . In this model, dedifferentiation decreased tumor antigen presentation, as scored by loss of melanocytic biomarkers (gp100, TRP2), and resulted in tumor progression. As expected, we observed greater expression of dedifferentiation signatures within the relapse group compared with the control both in the tumors and in tumor-derived cell lines ( Figure 2D ). Collectively, these results demonstrate that our differentiation framework is consistent with and can Figure S1 and Table S3. semi-quantitatively reflect dedifferentiation associated with melanoma standard of care therapy resistance.
Melanoma Classifier Identifies Consistent Subtypes in Cell Lines and Tumors
Dedifferentiation responses to both MAPKi and to immunotherapy suggest that targeting the dedifferentiated state is a viable approach to overcome resistance. As our multi-stage subtypes provide a refinement of melanoma differentiation, we built a predictive model trained on our cell line expression profiles to predict differentiation subtypes of cell lines profiled in publicly available pharmacogenomics resources ( Figure 3A ). We applied our prediction model to the Cancer Cell Line Encyclopedia (CCLE) and Genomics of Drug Sensitivity in Cancer (GDSC) independent datasets. PCA of each dataset annotated by the prediction results showed differentiation trajectory patterns similar to our initial analysis ( Figure 3B ), further supporting the robustness of the four-step differentiation framework.
To evaluate the relevance of the subtypes in patient tumors, we extended our cell line-trained classifier to The Cancer Genome Atlas (TCGA) skin cutaneous melanoma (SKCM) bulk tumor expression profiles (Table S4) . We evaluated the similarity of gene expression between the cell lines and bulk tumors by comparing the maximum expression of each gene and observed strong concordance (R = 0.87), confirming that cell lines do retain tumor-relevant expression patterns ( Figure S2A ). The residual disparity is mostly from non-melanoma cells within the tumor bulk, such as from immune cells (immune-specific CD markers and cytokines) and adjacent normal tissue (epidermis-specific keratin gene pairs KRT1/10 and KRT5/14) (Moll et al., 2008) . When we removed these two confounding signatures (Figure S2B, STAR Methods) , PCA of the bulk tumor expression profiles showed analogous arc-like trajectory differentiation subtype patterns consistent with the pure cell line cases ( Figure 3B ). Similar patterns were also observed in a parallel approach where we projected the tumor profiles onto the cell line-defined PCA space, which emphasizes melanoma-specific genes and reduces the influence of non-melanoma cell genes within the tumor ( Figures S2C and 1C) .
Across all datasets, we observed subtype signature profiles, RTK and transcription factor expression patterns, and inferred MITF activity consistent with our original cell line analysis . As TCGA tumor and GDSC cell line profiles have matching methylation data, we explored the extent that differentiation-associated expression differences could be regulated at the methylation level. Our analysis of cell lines and tumors revealed that promoter methylation beta values are inversely correlated with expression for AXL, MITF, SOX10, SMAD3, and CTNNB1 ( Figure S4A ). Furthermore, PCA of the genome-wide promoter methylation data within the GDSC dataset revealed a similar arc-like differentiation subtype trajectory as in the expression-based analysis ( Figure S4B ). These results match the generally expected trend for methylated promoters to inhibit transcription and are supportive of epigenetic regulation of differentiation as previously appreciated (Lauss et al., 2015; Shaffer et al., 2017) . Collectively, these results demonstrate the consistency of these subtype relationships detectable in both melanoma cell line and tumor cohorts independently. Table S4 .
Pharmacogenomics Integration Reveal Inverse Relationship between Differentiation State and Sensitivity to Ferroptosis-Inducing Drugs
We next applied our prediction of subtypes of the CCLE and GDSC datasets to explore matching drug sensitivity profiles available from the pharmacogenomics-based Cancer Therapeutics Response Portal (CTRP) (Seashore-Ludlow et al., 2015) . We first filtered for drugs that exhibited subtypespecific sensitivity (ANOVA p < 0.01) and performed hierarchical clustering to identify drug clusters with a similar mechanisms of action. An interrogation of the screened compounds revealed that with increased dedifferentiation status there was an increased sensitivity to all ferroptosis-inducing drugs (n = 4/4) ( Figures 4A and S5A ). Using our defined differentiation trajectory score to quantify the relative differentiation between samples, the relationship between dedifferentiation and sensitivity was significantly correlated for all compounds ( Figure 4B ). The ferroptosis-inducing compounds include erastin, (1S, 3R)-RSL3, ML162, and ML210. Ferroptosis occurs through an iron-dependent accumulation of lethal lipid reactive oxygen species (ROS) and is regulated by GPX4, a glutathione-dependent enzyme that catalyzes the reduction and detoxification of lipid ROS (Dixon et al., 2012; Yang et al., 2014) . Compounds (1S, 3R)-RSL3 (hereafter referred to as RSL3), ML162, ML210 induce ferroptosis by direct inhibition of GPX4, while erastin indirectly inhibits GPX4 further upstream through depletion of glutathione by targeting the System Xc À transporter (Dixon et al., 2012; Yang et al., 2014) . In contrast, we did not observe subtype-specific sensitivity in the subclass of ROS-inducing drugs that do not induce ferroptosis ( Figure S5B ). We next sought to verify these differentiation-associated pharmacogenomic sensitivity trends in the context of our melanoma cell lines. Consistent with the CTRP findings, sensitivity to the ferroptosis-inducing drugs erastin and RSL3 was highly correlated with dedifferentiation ( Figures 4C and 4D ). In the order of progressive dedifferentiation there was an increase in sensitivity: the melanocytic subtype cell lines were more resistant to both drugs, the transitory and neural crest-like subtype lines were moderately sensitive, and the fully undifferentiated subtype cell lines were highly sensitive. Overall, the trend for increased ferroptosis sensitivity with dedifferentiation had strong statistical significance (p = 10 À12 , Figure 4 ).
Furthermore, therapy-induced dedifferentiation with long-term BRAF inhibitor treatment or upon acquired resistance generally resulted in an increase in ferroptosis sensitivity upon both erastin and RSL3 treatment ( Figures 4E and 4F ). SKMEL28R cells were a partial exception in that they demonstrated increased sensitivity to RSL3 but not erastin. The increased sensitivity to the GPX4 inhibitor RSL3 supports that these cells are more sensitive to ferroptosis than their parental line. In this case, the differences between erastin and RSL3 sensitivity could be attributed to their upstream versus downstream targets of ferroptosis induction. Factors such as those affecting the ability of erastin to inhibit its upstream System Xc À target or the ability of cells to compensate for cystine/glutathione depletion could reverse erastin sensitivity without modulating RSL3 sensitivity. As a negative control, M249R, which achieves resistance through acquisition of an NRAS mutation with no change in differentiation status (Figure 2A) , was as insensitive to ferroptosis induction as its parental line ( Figures 4E and 4F ). As an additional negative control, treatment with piperlongumine, an ROS-inducing drug that triggers apoptosis (Raj et al., 2011) rather than lipid ROS-mediated ferroptosis, did not show differentiation-associated sensitivity ( Figures S5B and S5C ). Taken together, these results support that lipid peroxide sensitivity is influenced by melanoma differentiation state. Next, we sought to confirm that the observed drug-induced cell death occurred via ferroptosis in melanoma as previously characterized in other cancer types (Dixon et al., 2012; Yang et al., 2014) . Death induced by erastin treatment in the undifferentiated signature cell lines M296, M410 M229R, and M238R, occurred rapidly within 12 hr ( Figure S6A ). This decrease in cell viability was almost completely rescued either by iron chelation via deferoxamine (DFO) or by the lipophilic antioxidant Trolox ( Figures 5A and S6A ), demonstrating that cell death is both iron and ROS dependent, respectively. The mechanism of erastin-induced cell death is distinct from apoptosis, as treatment with the pan-caspase inhibitor Z-VAD-FMK could not rescue death induced by erastin treatment but could rescue apoptosis induced by staurosporine as a positive control ( Figure S6B ). Furthermore, we observed a high induction of lipid ROS at a time preceding cell death (10 hr) in erastin-sensitive cell lines, which was not present in the non-sensitive lines tested ( Figures  5B and S6C ). This increase in lipid ROS could be rescued by DFO treatment, further indicating that cell death occurs through the iron-dependent accumulation of lipid ROS. At the same time point post-treatment, cytosolic ROS was found to be elevated in all cell lines but at substantially higher levels in the undifferentiated signature cell lines. This increase in cytosolic ROS was iron dependent and was reduced by DFO treatment (Figures 5C  and S6D ).
To test whether the differences in ROS levels in the less sensitive cells were due to the inability of erastin to deplete glutathione, we measured glutathione by mass spectrometry in isogenic sublines M229P and M229R, and M238P and M238R ( Figure S6E and Table S5 ). Erastin treatment significantly depleted both reduced glutathione GSH) and oxidized glutathione (GSSG) across all the cell lines ( Figures 6A and 6B) . However, the erastin-sensitive M229R and M238R sublines had lower basal levels of GSH and GSSG, and also exhibited a greater fold-change decrease with treatment compared with their respective parental lines. We confirmed that basal levels of GSH in the vemurafenib-resistant cell lines were significantly lower than in paired parental cell lines using the Ellman's reagent-based glutathione quantitation assay ( Figure 6C ). Expanding this assay to additional lines, we found levels of GSH to be significantly correlated to the degree of dedifferentiation ( Figure 6C) . Supplementation of the culture medium with GSH substantially rescued both erastin-and RSL3-induced cell death ( Figure 6D ), confirming glutathione levels as a mechanistic link between sensitivity to ferroptosis-inducing drugs and differentiation state. dependence on MAPK signaling for ferroptosis in some contexts (Yang and Stockwell, 2008; Yagoda et al., 2007) . We first examined phospho-ERK levels across the melanoma cell line panel and did not observe any subtype-specific patterns associated with sensitivity to ferroptosis ( Figure S7A ). To evaluate the feasibility of combination treatment to overcome BRAF inhibitor resistance, we confirmed that the presence of vemurafenib does not reduce the high lethality from ferroptosis induction in dedifferentiated, vemurafenib-resistant cell lines. As expected, vemurafenib treatment alone was effective in reducing the viability of parental cell lines M229P and M238P but had little effect on vemurafenib-resistant lines M229R and M238R. On the other hand, treatment with erastin in the dedifferentiated M229R and M238R lines resulted in a substantial loss of viable cells that was not attenuated even in the presence of high concentrations of vemurafenib (Figure 7A ). This result confirmed that there is no drug antagonism between BRAF inhibition and erastin in these dedifferentiated melanoma cells.
Ferroptosis-inducing drugs and BRAF inhibitors optimally target melanoma cells at distinct differentiation stages. Since dedifferentiation is an adaptive response to BRAF inhibition, we sought to directly test the efficacy of combining ferroptosis-inducing drugs with BRAFi against a cohort of BRAF mutant melanomas. We evaluated the effects of combination treatment on three melanoma cell lines that are initially BRAFi sensitive but become resistant due to dedifferentiation. Biomarker evaluation of persisting cells after long-term vemurafenib treatment (21 days) showed upregulation of AXL and NGFR, and downregulation of MITF or its target gene MART-1, confirming their inhibitor-induced dedifferentiation ( Figure 7B ). Of note, at this prolonged treatment time point, pERK levels rebounded likely due to feedback mechanisms that have previously been observed to begin within a few days during MAPK inhibition (Figure S7B) (Lito et al., 2012; Paraiso et al., 2010) . Importantly, inclusion of erastin or RSL3 with vemurafenib in the treatment protocol resulted in a substantial decrease in long-term persisting cells (16-24 days) ( Figures 7C and S7C-S7E) . An inflammatory microenvironment from elevated immune activity can also promote dedifferentiation of melanoma cells. Therefore, we next sought to test whether immunotherapy-associated, cytokine-induced dedifferentiation would cause melanoma cells to become more sensitive to ferroptosis-inducing drugs. The dedifferentiation response of melanoma cells to pro-inflammatory signaling can be replicated in vitro by treating cell lines with T cell secreted cytokines such as tumor necrosis factor alpha (TNFa) and interferon gamma (IFNg) (Landsberg et al., 2012; Natarajan et al., 2014). We first confirmed that TNFa and IFNg stimulation resulted in activation of the nuclear factor kB (NF-kB) or STAT1 signaling pathways, respectively ( Figures S7F and S7G ) and induced dedifferentiation, as determined by upregulation of AXL and decreased levels of MITF or its target gene MART-1 ( Figure 7D ). The degree of signaling activation and dedifferentiation was most prominent with IFNg across all cell lines, and for TNFa in cell lines M229 and M397. Consistent with the dedifferentiation response, treatment with erastin or RSL3 under cytokine stimulation resulted in increased cell death compared with cytokine-only or untreated cells (Figures 7E and S7H-S7J ). M249 did not exhibit increased cell death with TNFa treatment alone or when combined with ferroptosis- (D) Trypan blue exclusion viability assay of 24 hr erastin or RSL3 treatment with or without supplementation of 5 mM GSH in the culture medium. Data shown represent mean ± SEM of three independent experiments. One-tailed t test: *p % 0.05; **p % 0.01; ***p % 0.001. See also Figure S6 and Table S5. inducing drugs, consistent with a muted signaling activation by TNFa in this line ( Figure S7F ). However, we did observe modest biomarker-based dedifferentiation upon IFNg cytokine treatment in M249 cells, and accordingly observed increased sensitivity under higher doses of ferroptosis-inducing drugs (5 mM erastin, 500 nM RSL3). In these experiments, the combined treatment contributed substantially and in some cases in a synthetic-lethal fashion to reduce any persisting cell population.
Further relevance for such a dual-targeting approach comes from the observation that melanoma cells can upregulate surface expression of the PD-L1 ligand in response to IFNg to suppress T cell function through activation of inhibitory PD1 receptor signaling (Iwai et al., 2002; Taube et al., 2012) . Therefore, reducing this dedifferentiated persisting population of cells via their sensitivity to ferroptosis induction can potentially boost overall anti-tumor immunity by preventing an accumulation of melanoma cells with immunosuppressive capabilities.
DISCUSSION
Multiple studies have shown that melanoma cell lines and tumors can be consistently categorized into two phenotypes with divergent transcriptional profiles related to differentiation. Our results expand these two phenotypes into four subtypes that reflect distinct and progressive differentiation states found across multiple independent tumor and cell line datasets. Further supporting this differentiation trajectory framework is the observation that melanoma cells can dedifferentiate progressively through these subtype signatures with elapsed time under BRAF inhibitor treatment and accompanying acquisition of BRAFi resistance. We found that progression along the dedifferentiation trajectory is observed in patient samples on standard of care melanoma kinase inhibitor therapies and in mouse models of cancer immunotherapy. Pharmacogenomic analysis with our refined differentiation framework revealed an association between sensitivity to ferroptosis and the degree of dedifferentiation, where the undifferentiated subtype was the most sensitive and the melanocytic subtype the most resistant. This sensitivity pattern has therapeutic implications, and our experiments support the efficacy of ferroptosis-inducing drugs in targeting both innate resistance and acquired dedifferentiation-associated resistance induced by kinase therapies and by immunotherapy-associated cytokines. Therefore, up-front combination therapies that include ferroptosis-inducing drugs have the potential to enhance current treatment options for melanoma patients by providing a synthetic-lethal approach to kill the persistent melanoma cell populations. Dedifferentiation-based adaptation can be seen in patient biopsies in as little as 1 to 3 weeks (Kwong et al., 2015) . This early adaptation time frame argues for up-front cotreatment, which has generally been found to be more efficient than sequential therapy (Eroglu and Ribas, 2016) . Up-front cotargeting would furthermore prevent cells from accumulating additional therapy-confounding genomic alterations such as NRAS mutations or BRAF amplifications.
It was recently demonstrated that a mesenchymal or persister cell state is highly dependent on GPX4 peroxidase activity for survival, highlighting the potential for co-treatment with GPX4 inhibitors to overcome epithelial-mesenchymal transition (EMT)-related resistance mechanisms (Hangauer et al., 2017; Viswanathan et al., 2017) . These results are in line with our findings as low MITF melanoma cells do exhibit mesenchymal-like expression patterns and phenotype (Li et al., 2015) . However, melanocytes are not from the epithelial lineage. During malignant transformation to melanoma, distinct sets of embryonic EMT family transcription factors are expressed at each stage, even in the most differentiated MITF-positive state (Caramel et al., 2013; Denecker et al., 2014) .
Melanocytes have vital antioxidant stresses and defenses inherent to their biology, owing to the high oxidative stress from melanin biosynthetic processes and UV radiation (Denat et al., 2014) . Thus, it is conceivable that the loss of differentiation programs that combat redox stresses could render redox-challenged cancer cells susceptible to oxidative stress. High MITF cells were found to be more resistant to H 2 O 2 -induced cell death through MITF transcriptional upregulation of the redox sensor APE-1 (Liu et al., 2009 ). MITF has also been shown to drive the expression of PGC1a, a key transcription factor regulating mitochondria biogenesis and expression of ROS detoxifying enzymes (Vazquez et al., 2013) . Notably, both in the pharmacogenomics data and in our confirmation experiments, sensitivity to drug-induced lipid redox stress was more distinct between differentiation states than was sensitivity to other categories of drug-induced redox stress. In addition to GSH levels, differential levels of cellular iron, iron-dependent lipoxygenases, and oxidizable polyunsaturated fatty acids in the lipid membrane could all contribute to the differences in ferroptosis sensitivity (Dixon et al., 2012; Yang et al., 2016) .
Metastasizing melanoma cells have been shown to experience increased oxidative stress, with successful metastasis dependent on increased GSH regeneration (Piskounova et al., 2015) . Thus, metastasizing cells could be more sensitive to ferroptosis, and treatment with ferroptosis-inducing drugs may potentially limit metastasis. Characterization of the in vivo efficacy of ferroptosis-inducing compounds is currently limited by lack of compounds with sufficient bioavailability (Viswanathan et al., 2017; Hangauer et al., 2017) . However, genetic experiments using GPX4 knockout melanoma cells have demonstrated that increased ferroptosis sensitivity observed in vitro can be recapitulated in vivo either alone or in combination with BRAF inhibition (Viswanathan et al., 2017; Hangauer et al., 2017) .
In summary, our refined framework of multi-stage melanoma differentiation subtypes guided the discovery of a rational therapeutic strategy to target the plasticity of melanoma cells associated with resistance. Dedifferentiation is a recurrent innate and acquired resistance mechanism to modern kinase targeted therapies and immunotherapies in the clinic. Thus, ferroptosisinducing drugs offer a potential up-front co-treatment component, targeted directly at the dedifferentiation-based resistance escape route that limits the efficacy of current lines of melanoma therapy.
Web Resource: Melanoma Gene Expression PCA Maps To allow users to visualize gene expression trends among the subtypes and within the bulk tumors in PCA space, we have created an interactive Web-interface resource available at http://systems.crump.ucla.edu/dediff/.
STAR+METHODS
Detailed methods are provided in the online version of this paper and include the following: Paired end 50 bp reads generated from the melanoma cell line RNA sequencing were mapped using HISAT2 to the Homo sapiens hg38 genome build and raw counts were quantified using HTSeq. Both the 53 melanoma cell line panel and TCGA raw expected counts were analyzed similarly to reduce technical variability from data processing. Cell line and TCGA raw counts were normalized to FPKM values using conditional quantile normalization (CQN) to adjust for gene length and GC content (Hansen et al., 2012) . FPKM values were next transformed in log2 space with an offset of 1. For the vemurafenib treated samples, RNASeq was performed using 50 bp single end sequencing and mapped the Homo sapiens NCBI build 37.2 reference genome using TopHat2 v2.0.9 (Kim et al., 2013) and normalized to fragments per kilobase of exon per million fragments mapped (FPKM) using Cufflinks v2.2.1 and the geometric library size normalization method (Trapnell et al., 2012) .
Clonogenic Survival, Viability and Cytotoxicity Assays For the BRAFi timecourse study, M229 was treated with vemurafenib or DMSO for the indicated timepoints at twice the 50% inhibition concentration (500 nM). For the crystal violet assays, 2.5 x 10 5 cells were plated in 6-well plates. The next day media was replaced by drug media and replenished every 2-3 days. Plates were stained with crystal violet solution (1% crystal violet, 50% methanol). Control wells were grown for 1 week and stained when 100% confluent. For quantification, crystal violet in the wells were solubilized in 10% acetic and absorbance was measured at 570 nm. To combine experiments, linear regression was performed to normalize each experiment to the first. Relative amounts were then normalized to the average DMSO control treatment. For measurement of percent viable cells with treatment, cells were plated at 5000 cells per well and the next day treated with drug. Percentage cell viability is reported as a percentage relative to the negative control treatment. Dose-response curves were assayed using the ATP-based CellTiter-Glo (Promega) luminescent cell viability assay. IC 50 values were obtained by fitting the data to nonlinear regression with variable slope using GraphPad Prism. For other viability measurements, an resazurin-based assay (a.k.a. Alamar Blue) was used and fluorescence was measured at 570/600 ex/em wavelength. Measurement of dead cells per time was measured by incubating treated cells with the IncuCyte Cytotox Red Reagent and imaging with IncuCyte ZOOM LiveCell Imaging System (Essen BioScience). For measurement of cell death, Trypan blue exclusion assay was used.
Analysis of Reactive Oxygen Species Production
In 12-well plates, 100,000 cells per well were seeded and allowed to attach for approximately 12 hours. Cells were then treated with media containing 5 mM of erastin, 100 mM deferoxamine or a combination of both, and returned to the 37 C tissue culture incubator. After 10 hours, drug media was replaced by media containing DMSO control, 5 mM of CM-H2DCFDA dye (Life Technologies, C6827), or 5 mM of C11-BODIPY (Life Technologies, D3861) and incubated for another 20 min at 37 C. Cells were then washed with PBS, harvested by trypsinization, followed by another wash with PBS. Cells were resuspended in 400mL PBS, strained through a 35mm nylon mesh filter, and analyzed by flow cytometry using BD LSRII equipped with 488 nm laser for excitation (BD Biosciences).
Immunoblotting Cells were lysed in modified RIPA buffer (50 mM Tris-HCl (pH 7.5), 150 NaCl, 10 mM b-glycerophosphate, 1% NP-40, 0.25% sodium deoxycholate, 10 mM sodium pyrophosphate, 30 mM sodium fluoride, 1 mM EDTA, 1 mM vanadate, 20 mg/ml aprotinin, 20 mg/ml leupeptin, and 1 mM phenylmethylsulfonyl fluoride). Whole-cell lysates were resolved by SDS-PAGE on TruPAGE 4-15% gradient gels (Sigma-Aldrich) and blotted onto nitrocellulose membranes. Membranes were blocked overnight with 5% milk and then incubated sequentially with primary and then IRDye-conjugated secondary antibodies (Li-Cor) . Blots were imaged using the Odyssey Infrared Imaging System (Li-Cor).
Mass Spectrometry-based Metabolomic Analyses
In 6-well plates, 200,000 cells per seeded per well and allowed to attach over night. The next day, media was replaced with media containing 5 mM of erastin. After 8 hr of treatment, cells were washed with ice-cold 150 mM ammonium acetate (NH 4 AcO) pH 7.3 and metabolites extracted in 1 ml ice-cold 80% MeOH. The cells were quickly transferred into a microfuge tube, and 10 nmol norvaline was added to the cell suspension for use as an internal standard. The suspension was subsequently vortexed three times over 15 min and then spun down at 4 C for 5 min. The supernatant was transferred into a glass vial, the cell pellet was re-extracted with 200 ml ice-cold 80% MeOH and spun down and the supernatants were combined. Metabolites were dried at 30 C under vacuum and re-suspended in 50 ml of 70% acetonitrile (ACN).
Samples were run on a Q-Exactive mass spectrometer coupled to an UltiMate 3000RSLC UHPLC system (Thermo Scientific). The mass spectrometer was run in polarity switching mode (+3.00 kV/À2.25 kV) with an m/z window ranging from 65 to 975. Mobile phase A was 5 mM NH 4 AcO, pH 9.9, and mobile phase B was ACN. Metabolites were separated on a Luna 3 mm NH2 100 Å (150 3 2.0 mm) (Phenomenex) column. The flow was kept at 200 ml/min, and the gradient was from 15% A to 95% A in 18 min, followed by an isocratic step for 9 min and re-equilibration for 7 min. Metabolites were detected and quantified as area under the curve (AUC) based on retention time and accurate mass (% 3 ppm) using the TraceFinder 3.1 (Thermo Scientific) software. Samples were normalized by protein concentration measured using the BCA Protein Assay Kit from Pierce Biotechnology. All samples were run as biological triplicates, and consistent results were seen in independent experiments.
GSH Measurement
Levels of GSH were measured using the colorimetric QuantiChrom Glutathione Assay Kit (BioAssay Systems) according to the kit instructions. Briefly, 2x10 6 cells were plated on 10 cm dishes. The next day, cells were scraped with cold PBS and centrifuged at 1000g for 10 minutes at 4 C. Cells were re-suspended in 1 mL cold phosphate buffer (50mM phosphate, 1 mM EDTA, ph=6.5) and lysed by sonication. Lysates were spun down at 10,000g for 15 min at 4 C. The supernatant was split into two for measurement of GSH using the kit reagents, and protein quantification using the BCA Protein Assay Kit from Pierce Biotechnology.
QUANTIFICATION AND STATISTICAL ANALYSIS Classification of Cell Lines and Tumors
The top 3000 genes with the highest variance were used for clustering. Consensus complete linkage hierarchical clustering was performed using the Euclidean distance metric and subsampling 75% of samples and genes 1000 times using the ConsensusClusterPlus R package. Pairwise cluster significance, as defined by whether each cluster originates from different Gaussian distributions, was performed using the sigclust R package. A support vector machine (SVM) ''top-scoring pairs'' (TSP)-based approach, designed for cross-platform/cross-batch application , was used to train the subtype prediction model. To have a gene list compatible for all datasets used, we took an intersection of genes from both RNASeq and microarray chip platforms, resulting in 10,545 genes. The top 250 genes with highest variance in the training set were used to build the model. The gene expression matrix was converted into a gene pair binary matrix of relative comparisons for each pair of genes A and B whether A>B based on the top-scoring pairs approach. Pairs were then scored by hypergeometric test to calculate the p value of enrichment for each subtype compared to the remaining subtypes. Gene-pairs were filtered by a minimum p value of 1e-05 in at least one subtype, resulting in 1561 gene-pairs. The resulting binary matrix of each cell line with identified subtype was used to train the model using a radial basis function kernel with the R package kernlab. The model performed at 94% accuracy with leave-one-out cross validation. Gene expression profiles for all prediction datasets were similarly converted to binary matrices and used as test sets for the SVM-based predictions.
PCA and Statistical Analysis
Principal component analysis (PCA) was performed on mean centered data and statistical analyses were performed in R (http://www. R-project.org/). Projections were calculated by matrix multiplication of the centered data to be projected and the rotation matrix determined from the PCA of the original source data.
Significance testing between treatment groups was performed using two-tailed two-sample t-test unless otherwise indicated. Multi-group ANOVA p values were determined using the non-parametric Kruskal-Wallis test at a significance threshold of 0.05. Reported p values between pairs of subtypes were determined using Dunn post-hoc testing with multiple hypothesis correction using the Benjamini & Hochberg method through the R ''FSA'' package. The combined p value for the trend of increased ferroptosis sensitivity with dedifferentiation across both the CTRP results and the validation results is based on correlation (p=10 -12 ) with similar results with Jonckheere-Terpstra trend test assessing ordered significance across the 4 differentiation stages (p=10 -13 ). In the overall analysis of IC 50 sensitivity versus differentiation state, we combined p values by first adapting Brown's method, a more conservative extension of Fisher's method, to account for reduced independence of testing the same cell lines using different inhibitors (Poole et al., 2016) . Then Fisher's method was applied to combine the p values from the independent CRTP and UCLA data. These analyses were conducted using R packages ''EmpiricalBrownsMethod'' and ''metap.'' The Jonckheere-Terpstra test was performed with the R ''clinfun'' package.
Enrichment Analysis, Subtype Signatures, and Differentiation Trajectory Scores For subtype comparisons, signal-to-noise ratio of one subtype vs. the remaining three were used to create ranklists. Enrichment analysis was performed using Gene Set Enrichment Analysis (GSEA) using the MSigDB C5 GO biological process gene sets. Differential expression analysis used for generating subtype signatures was performed using Significance Analysis of Microarrays with a log2 fold change threshold of 1.5 and 5% false discovery rate (FDR) using the ''samr'' package in R. For average subtype signature scores, z-scores for of all member genes were summed and divided by the number of member genes. To avoid potential confounding issues with gene expression from non-tumor sources, genes correlated with the immune and keratin signature were not included. Differentiation trajectory position score was determined using a center of mass approach where all single subtype and transitional-paired subtype average signature scores were summed in a weighted fashion. Weighting represented the relative position along the differentiation trajectory (i) running from 1 to 7 for undifferentiated, undifferentiated-neural crest pair, neural crest, neural crest-transitory pair, transitory, transitory-melanocytic pair, and melanocytic. The formula is given by:
Differentiation Trajectory Position = Immune and Keratin Confounding Signature Criteria A starter list of immune genes was obtained from the Immunome database, downloaded from InnateDB (http://www.innatedb.com). PCA was used to reduce dimensionality of the list of immune genes to a single immune score (PC1). The total list of immune confounded genes was determined by identifying genes that were correlated to the immune score above a threshold value. The threshold correlation was determined using an ROC analysis, comparing distributions of correlations of genes within the immune starter list vs. all others. Keratin confounded genes was identified similarly, using genes annotated as keratins from the NCBI gene database (http://www.ncbi.nlm.nih.gov/gene/) as the starter list of genes.
Methylation Analysis
Human tumor methylation 450K array data was obtained from The Cancer Genome Atlas. Cell line methylation 450K array data was obtained from GSE68379. Probes excluded from the downstream analysis were probes with poor detection quality, probes mapping to sex chromosomes, probes with known SNPs at the CG site, and 29,233 probes previously shown to be cross-reactive with genes on sex chromosomes (Chen et al., 2013) . Using the UCSC gene annotation, probes mapping to the promoter (TSS1500, TSS200, 5'UTR, and 1stExon) were collapsed to gene level by averaging the sites mapping to each gene. Probes mapping to CG islands and probes mapping to multiple genes were excluded, resulting in gene-level promoter methylation values for 15,580 genes for the cell line data and 14,318 genes for the TCGA data.
DATA AND SOFTWARE AVAILABILITY
Deposited Data
The data reported in this paper is deposited in the Gene Expression Omnibus (GEO) database under accession numbers GSE80829 and GSE110054.
Public Data Resources
Dataset from Mica et al for the melanocyte differentiation stage analysis was obtained from GSE45227. Gene expression profiles from samples representing the growth conditions for each specified stage of differentiation based on the original manuscript was used for analysis (day 0 embryonic stem cell, day 6 neural crest cell, day 11 melanoblast, and day 25 melanocyte). Primary melanocyte expression profiles (adult and neonatal) were used as control. Data from the CCLE (expression) and GDSC (expression and methylation) databases were downloaded from the respective resource websites (http://www.broadinstitute.org/ccle; http://www.cancerrxgene.org/downloads). For expression analysis, microarray probes were collapsed to gene symbol to the maximum average probe. Pharmacogenomic data from the CTRP was downloaded from the Cancer Target Discovery and Development (CTD 2 ) data portal (https://ocg.cancer.gov/programs/ctd2/dataportal). For subtype annotations of cell lines used in the pharmacogenomics analysis, we used our support vector machine (SVM)-based classifier and merged both the CCLE and GDSC predictions. Within the 29 cell lines shared between these two datasets, 27 were identically predicted (93.1%) and the other two only shifted by 1 stepwise differentiation state. We excluded 6 cell lines that either had mismatched or non-confident classifications, resulting in 43 lines analyzed (1 assayed in duplicate by the CTRP). While our results show concordance between erastin and GPX4 inhibitors, erastin was somewhat less concordant in the CTRP pharmacogenomics dataset. Among other possibilities, this could be due to the use of different media formulations in the CTRP experiments, which can impact redox metabolism and the degree of GSH depletion achieved by erastin. For the data from Landsberg et al, expression profiles were obtained from GSE40213. Mouse genes were mapped to human homologs using the NCBI HomoloGene database. To account for any genes that might not vary in a mouse and could dilute signal when switching to human analysis, a variance filter of 0.3 was applied.
RNASeq raw expected counts (RNASeqV2) and DNA methylation beta values (HM450K) of skin cutaneous melanoma (SKCM) bulk tumors from The Cancer Genome Atlas (TCGA) were downloaded from the data portal (http://tcga-data.nci.nih.gov). For MAPKi treated data, RSEM TPM expression values of patient tumor samples on-treatment from Kwong et al were obtained from European Genome-phenome Archive (EGA S00001000992). FPKM values for single and double drug MAPKi resistant cell lines and disease progression tumors from Hugo et al were obtained from GSE65186. FPKM values of disease progression tumors from Tirosh et al were obtained from GSE77940.
